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In Brief
Protein flexibility is as important as
structure to determine biological
function. Sfriso et al. present a new
approach, based on discrete molecular
dynamics simulations guided by
coevolutionary information, for the
systematic identification of functional
conformations in proteins. The strategy is
able to capture alternative
conformational states of varying
complexity.
Structure
ArticleResidues Coevolution Guides the Systematic
Identification of Alternative Functional
Conformations in Proteins
Pedro Sfriso,1,2,5 Miquel Duran-Frigola,1,2,5 Roberto Mosca,1,2 Agustı´ Emperador,1,2 Patrick Aloy,1,2,3,*
and Modesto Orozco1,2,4,*
1Institute for Research in Biomedicine (IRB Barcelona), C/Baldiri Reixac 10, 08028 Barcelona, Spain
2Joint BSC-IRB Research Program in Computational Biology, C/Baldiri Reixac 10, 08028 Barcelona, Spain
3Institucio´ Catalana de Recerca i Estudis Avanc¸ats (ICREA), Pg. Lluis Companys 23, 08011 Barcelona, Spain
4Department of Biochemistry and Molecular Biology, University of Barcelona, Av. Diagonal 647, 08028 Barcelona, Spain
5Co-first author
*Correspondence: modesto.orozco@irbbarcelona.org (M.O.), patrick.aloy@irbbarcelona.org (P.A.)
http://dx.doi.org/10.1016/j.str.2015.10.025SUMMARY
We present here a new approach for the systematic
identification of functionally relevant conformations
in proteins. Our fully automated pipeline, based on
discrete molecular dynamics enriched with coevolu-
tionary information, is able to capture alternative
conformational states in 76% of the proteins studied,
providing key atomic details for understanding their
function and mechanism of action. We also demon-
strate that, given its sampling speed, our method is
well suited to explore structural transitions in a
high-throughput manner, and can be used to deter-
mine functional conformational transitions at the
entire proteome level.
INTRODUCTION
Proteins are not rigid structures but flexible and dynamic entities,
which adapt their conformations to respond to cellular stimuli,
perform mechanical work, catalyze biochemical reactions, or
interact with other macromolecules (Eisenmesser et al., 2002;
Henzler-Wildman and Kern, 2007; Stein et al., 2011). There is a
bulk of evidence demonstrating that flexibility is as important
as structure in defining the function of proteins (Falke, 2002;
Henzler-Wildman et al., 2007; Micheletti, 2013; Orozco, 2014),
and that evolution has made a big effort to maintain and refine
the functionally relevant conformational space of proteins (Leo-
Macias et al., 2005; Stein et al., 2011; Velazquez-Muriel et al.,
2009).
Often protein flexibility arises from near-equilibrium dynamics,
i.e. from the activation of essential deformation modes of the
native structure (Bahar et al., 2010; Das et al., 2014). In these
simple cases, alternative conformations are located in a
pseudo-harmonic free-energy funnel centered at the equilibrium
state, and can be sampled from short-timescale molecular dy-
namics (MD) simulations (McCammon et al., 1977), or even
from simple coarse-grained elastic network model calculations
(Kim et al., 2002; Yang et al., 2007). However, there are also116 Structure 24, 116–126, January 5, 2016 ª2016 Elsevier Ltd All rigmore complex instances whereby proteins have to undergo
large conformational transitions to perform their biological func-
tion. These distant conformers are very difficult to predict from
theoretical methods designed to sample around equilibrium ge-
ometries of known structures. Pure force atomistic MD simula-
tions are an obvious alternative in these cases (Dror et al.,
2012; Shimamura et al., 2010), but even with specific-purpose
computers, the accessible timescale for MD moves in the sub-
microsecond to millisecond range (Shaw et al., 2010), still far
from the timescale of many functionally relevant transitions.
Coupling of MD simulations with biasing techniques (Elber and
West, 2010; Elber, 2005, 2007; Laio and Parrinello, 2002; Perilla
et al., 2010; Sfriso et al., 2012) permits exploration of conforma-
tional transitions that happen on timescales slightly above those
accessible from unbiased MD. These techniques are not only
very CPU-demanding, but also require some previous knowl-
edge on the transition pathway, which limits their applicability
for predicting unknown protein conformations or determining
new conformational pathways.
It is clear that, while waiting for more accurate force fields, bet-
ter biasing techniques, and faster computers, the only way to
explore the vast conformational space is to incorporate experi-
mental restraints into the theoretical calculations (Chen and
Hub, 2014; Seeliger and de Groot, 2010; van den Bedem et al.,
2013). Thus, structural data derived from electron microscopy,
nuclear magnetic resonance, or X-ray crystallography have
been used to help theoretical methods to trace large transitions
able to capture different conformational states, typically by
defining the start and end conformations of the protein (Beck-
stein et al., 2009; Sfriso et al., 2012;Weiss and Levitt, 2009;Whit-
ford et al., 2007). Unfortunately, this paradigm of integration of
experiment and simulation is applicable only when at least one
distant alternative conformation of the target protein is known.
In other words, we have powerful methods to explore structural
states within transition paths between two known conformers,
but such methods cannot identify alternative functionally rele-
vant conformations.
Coevolutionary data have been used as a source of indirect
structural information on proteins allowing, in very favorable
cases, the determination of the folded state (Hopf et al., 2012,
2015; Jones et al., 2015; Marks et al., 2011, 2012; Michelhts reserved
Figure 1. Method Summary
The protocol uses (1) raw coevolution DCA scores
to (2) test the accessibility of each residue pair in the
structure by means of an initial conformational
sampling. Individual trajectories are accepted
when they show better coincidence with coevolu-
tion information than a threshold (area under the
ROC curve, see Experimental Procedures). If
consistency is observed between coevolution data
and the conformational sampling, we (3) incorporate
the corresponding pairs of residues into SBMs.
Coevolution pairs are reflected in the models by
favorable energy interactions, exploring the con-
formational landscape accordingly. Implicitly, this
approach filters noise in the DCA signal, and reveals
the protein ensemble encoded by coevolution.
Finally, we (4) select distinct conformations from
the dMD simulations to provide a small set of
structures that is representative of the conforma-
tional landscape.et al., 2014;Morcos et al., 2011), and the trace of simple open-to-
closed transitions (Morcos et al., 2013). Here, we further explore
the power of the coevolutionary signal to guide theoretical
methods in the search for conformational ensembles and alter-
native functionally relevant conformations.
We present an automated protocol whereby coevolution con-
tacts are filtered and introduced as ensemble restraints in
coarse-grained discrete molecular dynamics (dMD) simulations,
which are able to detect alternative functionally relevant confor-
mations. We validate the predictive power of the method on an
exhaustive set of alternative structural states extracted from
the PDB. We found that in 76% of proteins studied the protocol
is capable of finding an alternative conformer. Finally, we assess
the general applicability of our method to explore conformational
transitions of varying complexity, including a prediction of serine/
threonine protein kinase conformers. Predicted conformers can
be found at mmb.pcb.ub.es/CBDMD/.
RESULTS AND DISCUSSION
The protocol developed, as outlined in Figure 1, is based on four
consecutive steps. First, we performed direct coupling analysis
(DCA) (Weigt et al., 2009) on a multiple sequence alignment, se-
lecting those coevolving pairs of residues that are not in contact
in the native structure, and which might thus be informative of
alternative protein conformations. In a second step, we cleaned
the DCA output to remove uninformative or impossible contact
pairs. To this end, we used dMD (Proctor et al., 2011; Sfriso
et al., 2015) to bring coevolution pairs close in space (one inde-
pendent dMD simulation for each pair), up-ranking viable trajec-
tories leading to conformations that are coherent with the rest of
the coevolution map (see Figure S1). In a third step, after select-
ing the most informative coevolution pairs, we built structure-
based models (SBMs) (Taketomi et al., 1988; Tozzini, 2005;
Ueda et al., 1978; Whitford et al., 2007) to perform coevolu-
tion-biased discrete molecular dynamics (cb-dMD) simulations.
Finally, we clustered and analyzed the trajectories to generate an
ensemble of representative conformers, which are expected to
represent the functionally relevant conformational landscape of
the protein (see the Experimental Procedures for further details).Structure 24, 11Sufficient Coevolutionary Information Enables
Systematic Detection of Alternative Conformers
To validate the method, we explored its ability to detect known
alternative conformations in a set of proteins with more than
one structure available in the PDB (Berman et al., 2000),
ensuring sufficient protein coverage and coevolutionary signal
by filtering out sequences with less than 2,000 members in the
alignment (Figure S2). A robust non-trivial validation test was
defined by filtering out pairs of structures separated by less
than 3 A˚ in root-mean-square deviation (RMSD), since these
limited conformational transitions could be captured by stan-
dard equilibrium-dynamics methodologies. Redundant proteins
(sequence identity >70%) were also discarded. The resulting
validation set contained 105 proteins. We labeled two source
structures (A/B) per protein, defining a total of 210 transitions
to be determined (when more than two conformers were found
in databases, we selected the twowith best sequence coverage,
provided they were at a distance >3 A˚) (Figure 2A). We ran our
method on the source structures, and after clustering each tra-
jectory we retrieved ten representative conformers. In 13 of
the 105 proteins, none of the predicted conformers satisfied
any exclusive coevolution contact, and we excluded them
from the validation set. These 13 proteins corresponded mainly
to closed-to-open transitions not suitable for reproduction by
our coevolution-based method, since the sampling engine re-
quires unique coevolved contacts in the alternative conformers.
The final validation set contained 92 proteins corresponding to
140 source structures (195 transitions) (Table S1 and Figure 2A),
each of them yielding an ensemble of ten conformers with co-
evolving residues forming new contacts. Next, we checked
whether these conformers approached the experimental ones
by measuring the RMSD, and also compared the overlap of
the expected transition (between two known end points A and
B) with the transition from the source structure to a predicted
conformer. For benchmark purposes, we computed an experi-
mental p value of the overlap obtained with our protocol using
a background distribution of overlaps (obtained from a con-
verged equilibrium simulation; see the Experimental Proce-
dures). Cases with a high overlap (p < 0.05) between predicted
and expected conformers were considered to be successful.6–126, January 5, 2016 ª2016 Elsevier Ltd All rights reserved 117
Under the criteria explained above, we recalled at least one
known alternative conformation for 59% of the source structures
(Figure 2C), consistently approaching the target state (Figure 2E),
mostly detecting one conformer per case (Figure 2F), and being
on average 4.5 of the 10 predicted poses relevant (Figure 2G).
Overall, we identified alternative conformers in 70 of the 92 pro-
teins considered, leading to a success rate of 76% (Figure 2D).
Therefore, when B-to-A andA-to-B transitions were both studied
it was very likely that we identified alternative conformers,
particularly in open-closed motions (83%). Worst performances
were achieved for domain rotation movements (69% success),
wherein the formation of new coevolution contacts is less con-
certed or barely existent.
The selection step enriches in informative long-range DCA
contacts (Figure 3A), which is a key step in our protocol. Typi-
cally, our method accepts10%of original DCA contacts, those
with best area under the curve (AUC) score (see Figure S1). On
average, we added 1,187 coevolution-based wells in the dMD
energy potential for each simulation, which represents about
19% of the total potential energy interaction. The average num-
ber of models used to derive this SBM is 83, which are in turn
used to bias the simulation (see Sampling strategy in the Exper-
imental Procedures). The specific details for each system can be
found in Table S2.
The importance of the selection step is tightly related to the
type of movements analyzed above. To obtain further insight
into this issue, we investigated the impact of the number of se-
quences on the quality of the different motions. We randomly
removed sequences from the alignment and re-ran our protocol
with 1,000, 2,000, 3,000, 4,000, 5,000 and 10,000 sequences
for 20 cases, spanning open-closed, rotation, rotation-closed,
concerted, and miscellanea of complex motions. Figure 3B
shows that coevolutionary signal relevant to rotations steadily
decreases as sequences are removed from the alignments,
while open-closed transitions are less sensitive to the alignment
size, suggesting that the depth of coevolution information
required depends on the characteristics of the movement and
the available conformation in the PDB. Open-closed transitions
evince exclusive contacts (71 ± 50) easier than, e.g., rotations
(29 ± 30), and exclusive contacts in target conformation in turn
differentiate successful cases from unsuccessful ones (Wilcox-
on’s p value 3.3 3 105).
Not surprisingly, to obtain successful simulations in these
cases larger sequence alignments were required: often we
needed16,000 sequences to reproduce rotations. The average
number of sequences in the successful open-closed cases was
only of8,000, and decreased to the pre-set minimum of 2,000.
Unique Capacity to Identify Varied, Non-trivial
Conformations
In the validation set, of the 70 successful cases 15 underwent
open-closed movements, 11 rotations, 15 rotation-closed mo-
tions, and 14 concerted motions, and the remaining 16 a mis-
cellanea of complex transitions. Coevolution data are thus
applicable to many scenarios. This trait is better depicted in Fig-
ure 4, which displays transitions of varied extent and complexity,
from helix translocations to domain-domain rearrangements.
To assess the relevance of the predictions we compared our re-
sults with ensembles generated with other control methods (Fig-118 Structure 24, 116–126, January 5, 2016 ª2016 Elsevier Ltd All rigure 2H). In our hands, coil, equilibrium, and normal-mode anal-
ysis (NMA)-based methods were not able to capture such a
spectrum of movements. These controls demonstrate the uni-
que capacity of our approach to identify non-trivial alternative
conformations, which reach beyond equilibrium fluctuations
and are not accessible by essential deformation movements
(as defined, e.g., through NMA). As an additional control, we im-
plemented a direct coevolution-based SBM that simply uses
DCAcontacts as energyminima (Morcos et al., 2013). Compared
with ours, this direct technique showed less accurate results
(Figures 2H and 2I), which advocates for the relevance of the
filtering step included in our protocol.
Following the observation above, we studied in more detail
the contribution of the aforementioned filtering of coevolution
pairs (Figure 1; pulling trajectories). In this key step, only co-
evolved pairs that lead to coherent deformations are retained.
We observed that this filter was not critical when abundant se-
quences were available. For instance, we were able to collect
14,893 sequences for the D-ribose binding protein (PDB: 2DRI,
chain A), yielding strong evolutionary signal. In this case, both
our method and the direct incorporation of the coevolution
map were able to reproduce the large closure from the open
conformation (PDB: 1BA2 A), and even to detect other tran-
sient states (Morcos et al., 2013) (Figure 5A). However, a
similar conformational transition turned out to be more chal-
lenging for the direct method when fewer homologs could be
aligned, as in the case of 5-enolpyruvylshikimate 3-phosphate
synthase (2,271 sequences) (Figure 5B). Here, the unfiltered,
direct inclusion of coevolving pairs was not able to produce
any relevant movement, due to noise in the coevolution map.
On the contrary, our method traced the long-range transition
from the open (PDB: 1EPS A) to the closed state (PDB:
2AAY A) without erratic exploration of the conformational
space. These results are in good agreement with our observa-
tions in Figure 3B, where a good proportion of the pairs rele-
vant to protein dynamics are still retrieved with a relatively
small number of sequences aligned. In our experience, few
high-quality coevolved pairs are necessary to robustly guide
protein dynamics, making the detection of these constraints
decisive, and suggesting that coevolution-driven dynamics
for mid-size families is feasible if coevolution data are carefully
filtered.
Biased Structure-Based Models Yield Smooth
Multi-State Transitions
A second key step for the success of our approach is the compi-
lation of structures in the SBM (Figure 1). When more than one
conformation is captured in the coevolution footprint, or if two
(or more) domains move concertedly, extracting information
from the coevolution contacts is far from trivial and, accordingly,
predicting functional transitions is difficult. An example of the
former is the conformational transition undergone by Escherichia
coli adenylate kinase (PDB: 4AKE A to 1AKE A). This kinase per-
forms a coordinated two-domain closing motion (Figure 5C),
whereby LID and AMP-binding domains approximate to com-
plete the shift from an apo to a holo state. This two-domain tran-
sition is nicely reproduced by our method using only one source
structure, with no additional information on the target conformer.
Capturing the two parts of the motion in the pulling trajectories, ahts reserved
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(A) Flowchart of the validation set selection. From the PDB, we kept ensembles with at least 99% sequence coverage in one of the structures. ‘‘Accepted’’ refers
to cases not discarded a priori.
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lection of Coevolution Pairs
(A) Enrichment in dynamic coevolution pairs among
the selected list, compared with the DCA list after
removing native contact pairs. Dynamic coevolution
pairs are those pairs of residues that are not in
contact in the source structure but are proximal in
the target structure. Lines in the plot are the average
of the benchmarked trajectories: in general, thus,
the filtering step selects pairs that will be useful to
guide the molecular simulation toward the target
state.
(B) Coevolutionary signal kept depending on the
number of sequences and the type of motion: for
simpler open-close transitions fewer sequences are
needed compared with rotation motions, where
only few contacts per conformer are exclusive.
Sequences were randomly removed from initial
alignments. Retrieved dynamic pairs correspond to
pairs that were accepted in the pulling trajectories.unique feature of the approach, guides the transition even with a
reduced number of sequences aligned (2,034).
Some proteins elicit yet more complex movements following
pathways through multiple states. If functionally relevant, these
states should also be preserved by evolution, and thus
explored and connected by our method. One clear example
(Figure 5D) is the long-chain fatty acid-coenzyme A ligase
(PDB: 1ULT A) motion, with two alternative structures available,
namely PDB: 1ULT B and 1V26 A. Along the trajectories, we
spontaneously sampled configurations similar to all known
alternative conformers, suggesting that our protocol is able to
span the conformational landscape associated with the mech-
anism of catalysis (Hisanaga et al., 2004). It is worth noting that,
when using the direct DCA approach (Morcos et al., 2013),
most of the time the trajectory samples a compact conforma-
tion that does not resemble any of the known structures for
this system.
Conformer Prediction Facilitates Mechanistic
Interpretation
Finally, we propose predicted conformers for the PAS domain
of the human serine/threonine protein kinase (PASK). Protein
kinases are important drug targets, but structure-based drug
design is often impeded by their intrinsic flexibility (Engh and(B) Distinct trajectories reproduced by our method. The bars count the number of
case was considered as suchwhen at least one of the top ten conformations largel
predicted structure.
(C) Similarly, performance is evaluated when at least one alternative conformation
denotes that for 59% of the source structures we could identify at least one alte
(D) Finally, results analyzed at the protein level, i.e. departing either from A or B
compared with direct incorporation of DCA pairs.
(E) Initial distance of the source structure to the target one versus the distance
(significant overlap).
(F) For the successful cases, the expected and retrieved alternative conformers. Th
approached. The most common scenario (denoted with the bigger circle) is that
(G) Number of retrieved known conformations. Most trajectories expect and find
(H) Our method (cb-dMD) is compared with an implementation that directly incorp
equilibrium simulation (Eq), with a normal-mode guided sampling (NM), and with
trajectory are displayed to avoid the impact of the clustering step, which would p
(I) Comparison of our method with the direct implementation of DCA pairs, for ea
120 Structure 24, 116–126, January 5, 2016 ª2016 Elsevier Ltd All rigBossemeyer, 2002). Fortunately, kinases are large families
with many sequences available, making them a valuable
example of application of our protocol. Departing from the
initial structure (PDB: 3DLS A), we gathered 21,840 sequences
and proposed ten new conformers. Figure 6 illustrates the pro-
cess of selecting a discrete number of conformers from the
trajectory. We project each trajectory into its two first compo-
nents (Figure 6A), and use DBSCAN (Ester et al., 1996) to
extract the most dense cluster of conformations, five in this
case (Figure 6C). We repeat this for ten independent trajec-
tories to ensure robustness. After discarding structurally similar
conformers, we rank the predicted conformers. We represent in
Figure 6B the departing structure together with the top-ranked
conformer. The conformational transition is moderate (4.7 A˚
RMSD) and, interestingly, it approaches the ATP-binding site
(blue sphere) with the proton acceptor site (green sphere) and
the P loop (orange), responsible for the phosphate transfer.
The conformational landscape thus proposes a coarse, yet
illustrative, mechanism of action. Kinase conformers, besides
providing mechanistic insights of the phosphorylation process,
could be used to test the possibility of auto-phosphorylation
either in monomers or dimers, and be applied in structure-
based drug design to improve ligand docking or to spot tran-
sient druggable cavities.transitions, and the blue shading quantifies the number of successful cases (a
y overlapped the expected transition [p < 0.05]). Red circle indicates successful
is found, departing from a source PDB structure. In this case, the blue shading
rnative conformer.
structures, show a success rate of 79%. Success rate (p < 0.05) of cb-dMD
after running the pipeline. Successful simulations are highlighted in dark blue
is sketch outlines a scenario where two of the two expected conformations are
of only one alternative conformer being approached.
only one conformation.
orates all DCA pairs (Morcos et al., 2013) (Dir) as energy minima, with a Go-like
a background random-coil polymer (Coil). Here, overlaps and RMSD along the
enalize controls.
ch motion type.
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Figure 4. Representative Space of Captured
Movements
Gray structures represent the departing structure,
while pink structures correspond to an alternative
conformation reported in the PDB. Blue structures
show the closest predicted alternative conformer.
We manually selected transitions in a range of
overlaps with the normal modes of the initial
structure (vertical axis), and the relative change of
the radius of gyration (RG; horizontal axis). There-
fore, the bottom-left area of the figure corresponds
to large overlaps to the normal modes (>0.80) and
compaction (DRGz 10%–20%) of the structure.
Note that low normal-mode and large DRGmotions
are particularly challenging for our protocol due to
the scarcity of unique contacts in alternative
structures. Length of the bar below each ensemble
is proportional to the RMSD between the two
experimental structures. The blue bar represents
the proportion of this distance traveled in the
simulation.Concluding Remarks
Overall, after studying dozens of cases, we have confirmed that
the echo of correlations in protein evolution is tightly related to
dynamics constraints. By exploiting residue-residue coevolu-
tion, we have enhanced the sampling of protein conformations,
which are currently impossible to explore systematically by
experiments. Our protocol is applicable to cases of varying
complexity, requiring as input only a multiple sequence align-
ment of at least 2,000 sequences and one 3D structure. We
are able to detect alternative conformations if they show unique
subsets of coevolved contacts, and in complex scenarios we
can identify multiple states, and the paths leading from one to
the other, giving mechanistic and functional insights into the
way protein families operate.
To visit functionally relevant states, we have seen that large
multiple alignments and filtering of coevolution data are still
crucial. In particular, we found that the selection of coevolution
contacts was key to enabling the exploration of alternative con-
formers in cases with few sequences that simpler methods (Mor-
cos et al., 2013) cannot reproduce. Currently the PDB contains
270,380 structures, of which we were able to obtain plausibleStructure 24, 116–126, January 5, 201multiple sequence alignments for 65,349
(24.14%), suggesting a broad applicability
of our method. These structures corre-
spond to 8,813 unique proteins in 1,542
species, and span 1,051 (15.25%) of the
Pfam domains represented in the PDB
(Finn et al., 2014). We envisage that
the applicability of coevolution-based dy-
namics will increase even further in the
near future, given the explosive growth of
sequence databases (Khafizov et al.,
2014), and the massive deposition of
structures arising from structural geno-
mics initiatives (Khafizov et al., 2014).
To date, coevolution analysis has
been mainly applied to de novo struc-
ture prediction and, as protein se-quences continue to accumulate, there is debate on the
usefulness of coevolution methods for other applications
(Kamisetty et al., 2013; de Juan et al., 2013). Recently, evolu-
tionary information was used to understand allosteric mecha-
nisms (Halabi et al., 2009) and, along this line, our findings are
yet further proof of the importance of coevolution analysis
for the structural biology community, here as a source of in-
formation to predict functional conformers. Interestingly, we
have found that coevolving pairs that are relevant to dy-
namics rank far below those that are useful for protein folding
(Figure S3), advocating for further development of coevolution
analysis methods, and confirming that coevolutionary pres-
sure acts beyond the mere preservation of contacts in the
native structure.
EXPERIMENTAL PROCEDURES
Multiple Sequence Alignments
We use HHblits (Remmert et al., 2012) to align multiple sequences from the
clustered UniProt database (March 2013). The following options are used in
addition to default settings: -diff inf, -mact 0.5, -n 5, -cov 75, and -maxfilt
500,000. We discard alignment sites corresponding to gaps in the query6 ª2016 Elsevier Ltd All rights reserved 121
Figure 5. Detailed Case Examples
Bidimensional histograms of sampled structures; the x axis shows the radius of gyration (RG), and the y axis the distance to the initial structure. In each panel, the
left plot represents our results, displaying relevant structures. The upper-right plot corresponds to simulations obtained upon the direct selection of top-ranked
DCA pairs, without the filter based on pulling trajectories. The lower-right plot displays the trajectory obtained upon random coevolution maps (see Experimental
Procedures), illustrating the relevance of the coevolution signal.
(A) Starting from 1BA2, we visited all known alternative configurations, including relevant intermediates, in good agreement with results obtained by others
(Morcos et al., 2013).
(B) On the contrary, we could only observe the closing trajectory of PDB: 1EPS after filtering coevolution contacts, as uniquely done by our method.
(C) In the two-domain motion departing from 4AKE, the integration of multiple structures in the SBM was crucial to coordinate the transition.
(D) Departing from 1ULT A, we predicted a domain rotation, involving a rich conformational repertoire that was partially validated by structures deposited in
the PDB.sequence, in addition to those sites with more than 25% gaps along the align-
ment (Kamisetty et al., 2013).
Direct Coupling Analysis
To measure residue-residue coevolution, we use DCA with default parame-
ters: x = 0:2; l = 0:5 (Weigt et al., 2009). DCA outputs a direct information
(DI) score per pair of residues, ranking evolutionary correlation. Only coevolu-
tion pairs at a sequence distanceR5 are considered.
Selection of Coevolution Pairs
Given a DI-ranked list of coevolution pairs, we keep for further analysis only the
first n pairs that maximize the Matthew’s Correlation Coefficient (MCC) result-
ing from the prediction of contacts (<10 A˚) in the initial structure. Given a list of
n selected coevolution pairs, MCC is calculated as:
MCC =
TP3TN FP3FNﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃðTP+FPÞðFP+FNÞðTN+FPÞðTN+FNÞp ; (Equation 1)
where TP is the number of contacts in the selected list, while FP corresponds to
the selected pairs that are not in contact, TN to the non-selected pairs that are
not incontact, andFNtocontacts thathavenotbeenselected.The intuitive inter-
pretation of this step is that we extend to a larger number of DCA contacts (or-
dered by their DI score) while they are still informative about the initial structure.122 Structure 24, 116–126, January 5, 2016 ª2016 Elsevier Ltd All rigExploratory Conformational Sampling Based on Coevolution
Coevolution pairs that are far apart in the initial structure are used to guide an
initial, exploratory conformational sampling. Concretely, we run apulling trajec-
tory for each distant coevolution pair i-j using dMD. According to the standard
dMD algorithm, the protein Hamiltonian is defined as a series of flat square
wells (in this case Go-like single well, see Figure S4 and Emperador et al.,
2008a), and particles (Ca) move at constant velocity until a collision occurs,
where momentum and energy conservation rules are enforced. The dMD algo-
rithm avoids femtosecond-scale integration of Newton’s equations of motion,
dramatically improving computational efficiency (Emperador et al., 2008b; Or-
ozco et al., 2011; Shirvanyants et al., 2012). To favor the formation of coevolu-
tionary contacts (i-j) we bias the trajectory by inverting velocities of particles i
and j every 100 simulation steps if i and j are not approaching each other,
and keeping them unaltered otherwise (we consider that two residues are in
contact if they are at less than 10 A˚). We permissively maintain the trajectory
for downstream analysis if i-j are in contact at some point of the trajectory.
Selection of Compelling Pulling Trajectories
From a functional viewpoint, of all the preliminary trajectories generated
above, the most interesting ones are those that are in better agreement with
the coevolutionary signature. To evaluate the coincidence between trajec-
tories and coevolution maps, we check whether contacts spontaneously
established along the pulling trajectory (k  l, where k,l s i,j are indeedhts reserved
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(A) 2D projection of a trajectory into its two first com-
ponents (PC1, PC2) (see Experimental Procedures:
Selection of Representative Structures). Colored dots
indicate belonging to an automatically identified cluster,
5 in this example. A sketch of a generic kinase-substrate
phosphorylation mechanism is depicted above the plot.
(B) Best-ranked conformer (pink) together with the initial
structure (white). Blue and green spheres represent
ATP-binding site and proton acceptor site, respectively.
(C) Best-ranked conformer (I), and the complete cluster
ensemble for this trajectory. These are the proposed
models that can be extended up to ten using inde-
pendent replicas.coevolution pairs). For this, we compute receiver-operating characteristic
curves (ROC; sensitivity versus 1  specificity) to quantify the agreement be-
tween conformations generated in the trajectory and the list of n coevolution
pairs (we filter out those contacts at%6.5 A˚ to exclude trivial trajectories). In
this framework, the ROC space is defined as follows:
Sensitivity =
TP
TP+FN
; (Equation 2)
Specificity =
TN
FP+TN
; (Equation 3)
where TP counts contacts generated along the trajectory that are in turn
selected coevolution pairs, FN is the number of coevolution pairs that are
not in contact along the trajectory, TN are the pairs that are not in contact dur-
ing the trajectory and, accordingly, are not coevolution pairs, and FP are the
pairs that are in contact but do not coevolve.
The AUC (area under the resulting ROC curve) provides ameans to compare
and rank the coherence between trajectories and the coevolutionary finger-
print. To select those trajectories that best coincide with the coevolution
signal, we retain instances exceeding 1.5 of the interquartile range in the
AUC distribution (see Figure S1). In these cases, we keep the last frame of
each trajectory. The retained trajectories thus yield a set of seed conforma-
tions (nmodels) to be used in downstream analysis.Structure-Based Modeling
Given the pulling trajectories described above, we build a multiple SBM that
would enable a single dMD trajectory to explore the nmodels ensemble. To
this aim, we shape particle-particle interactions to reflect the variability spanned
by exploratory trajectories. Concretely, we take the original PDB and the last
snapshot of the accepted pulling trajectories, and describe the potential energy
interactionsbymeansofdouble-well squarepotentialswhenapairofparticles i-j
distance change across the ensemble of structures, and single-well square po-
tential otherwise. The wells are centered at rPDBij (the distance in the initial PDB
structure), and,whenneeded, a secondonecenteredat thecoevolution interac-
tiondistancebetweenresidues i j (rcoevij ; Equation4). Toset rcoevij weconsiderall
nmodels i  j distances coming from the accepted pulling trajectories. To in-
crease the importance of short-distance contacts, which could be obscured
by larger ones, we introduce a weight factor in the averaging (wkij ; Equation 5).
If nmodels is the number of structures used to build the SBM, the center of
the coevolution well rcoevij isStructure 24, 116–126, January 5, 2rcoevij =
Xnmodels
k =1
 
wkijPnmodels
k = 1 w
k
ij
!
rkij ; (Equation 4)
wkij =
1
rkij
3
 ð2RHCÞ3
; (Equation 5)
where rkij is the residues i  j distance in the kth
model, and the hard-core radius of the particles RHC
is 2 A˚.For wells representing the initial PDB distance, energy depth is
EðrPDBij Þ=  0:30 kcal/mol, a value that was adjusted to keep stable conforma-
tions for proteins at 300 K. To favor the robust coevolutionary signal, we
deepen the associated depth by a factor 3= 1.05 every time the coevolution
interaction coincides with the internal distance in a given model k (rkij zr
coev
ij ).
So, if N is the number of models contributing to i  j coevolution interaction,
the energy associated to the well is
E

rcoevij

=  3N0:30 kcal=mol : (Equation 6)
This discriminates coevolution contacts that are observed a few times with
respect to the ones observed in several models.
Sampling Strategy
We adapted our GOdMD protocol (Sfriso et al., 2013) to explore the conforma-
tions captured in the multiple SBM. For this purpose, the biasing scheme was
modified to visit multiple target states instead of reaching a single one. We
construct the G function (Equation 7) to bias the trajectory toward the distinct
protein poses captured in the multiple SBM. G reflects the variability in the
SBM by summing up the internal distances of the accepted nmodels, rkij being
the internal distance of i-j pair in the kth model:
G=
Xnmodels
k
P
i;j r
k
ij d
k
ij ; (Equation 7)
where dkij is a Kronecker’s variable that takes a value of 0 whenever a pair of
particles are at rcoevij distance or shorter, and 1 otherwise. d
k
ij is used to perma-
nently eliminate the bias toward a given model k when all coevolution wells of
this model were visited, which favors multiple-state exploration. If, despite the
use of dkij , no progress was observed in the simulations (i.e. no novel coevolu-
tion-based wells were explored) we deactivate temporarily (5,000 time units
[t.u.]) the biasing scheme to facilitate relaxation and escape from stationary
points. Therefore, the sampling strategy consists in evaluating the G function
at every Dt = 10 t.u. of free dynamics to check whether the trajectory is sam-
pling the conformational space revealed by coevolving residues. Accordingly,
we accept with probability pðGÞ:
pðGÞ=

1; Gt<GtDt
ebðGtGtDt Þ
2
; GtRGtDt
; (Equation 8)
the latestDt of the trajectory, ensuring an exhaustive sampling of the accessible
coevolution wells. b was introduced to keep the acceptation rate at suitable016 ª2016 Elsevier Ltd All rights reserved 123
values (50%–80%) (Sfriso et al., 2013). To further improve the computational ef-
ficiency, the GOdMD algorithm introduces an additional metadynamics
procedure (Barducci et al., 2011; Laio and Parrinello, 2002), which penalizes
any visited well by gradually reducing their depth (for further details see Sfriso
et al., 2013).
Selection of Representative Structures
We obtain an estimate of the conformational space by running ten inde-
pendent GOdMD trajectories. We then reduce the dimensionality of the
conformational space sampled by projecting the snapshots to the two first
principal components of the trajectory. Finally, we use DBSCAN (Ester
et al., 1996) to extract the density clusters from the 2D projection of the
trajectory and identify a representative structure for each cluster. This
yields a set of key structures for each trajectory. We obtain a manageable
ensemble of structures by eliminating redundant ones using the GROMOS-
clustering algorithm, implemented in the GROMACS package (Daura et al.,
1999; Hess et al., 2008). To identify the most promising structures in this
ensemble, we recycle the AUC score to evaluate the best protein poses
according to coevolution. We select the top ten poses for validation of
the method.
Evaluating the Representative Structures
To benchmark our method, we compare the predicted alternative structures
with those deposited in the PDB. We first check the overlap (Equation 9) be-
tween the experimental transition and the sampled one (a value of 1 in the over-
lap means that the deformation required to move from the reference structure
and the simulated alternative conformation is the same than that required to
achieve the experimental alternative conformers):
cos a=
jn$Tj
kTkknk ; (Equation 9)
where n is the sampled transition vector and T is the transition vector expected
from experimental structures.
The second metric used is the minimum RMSD to target obtained after eval-
uating the ten proposed alternative conformations.
Supporting Simulations
We run controls to test (1) the impact of the quality of DCA contacts, (2)
the significance of our SBM, and (3) the significance of the complete pro-
tocol. Regarding (1), we adapt the algorithm by Morcos et al. (2013) into
the discrete MD framework. That is, we use pairs from the ranked DCA
list directly as single minima at rij = 8:0 A, complementing a standard
Go-like model. To evaluate the importance of the SBM (2), we test the
robustness of our protocol by replacing DCA pairs with random pairs.
From all possible random pairs, we only consider those at i  j R5, and
at a distance >12 A˚, and with them we reproduce each step of our proto-
col. To build a multiple-state SBM, we only consider pairs of residues that
establish a contact at some point of the pulling trajectory. Finally, to
assess the full protocol (3), we compare the ensemble generated with
our method with those generated with standard techniques: equilibrium
simulations, NMA, and a random-coil model. Random-coil models consist
in hard-core interactions (RHC = 2 A˚) and bonded interactions to maintain
consecutive Cas at 3.8 A˚. NMA-based ensemble is generated by following
the top ten normal modes of the source structure individually. We collect
100 structures per eigenvector in both directions, after a relaxation step
(Camps et al., 2009; Orellana et al., 2010). Details for equilibrium simula-
tions using SBM can be found elsewhere (Clementi et al., 2000; Empera-
dor et al., 2008a).
p Value Calculation
We run long equilibrium simulations for each case using the Go-like model
to describe near-equilibrium protein flexibility. We consider 10,000 struc-
tures from the equilibrium trajectory and compute the overlap of each of
them to the known transition. Then we use this as background distribution
to assess the significance of the overlap obtained using our coevolution-
based protocol. We compute the experimental p value as the ratio at which
instances with higher overlap values are sampled in the background
distribution.124 Structure 24, 116–126, January 5, 2016 ª2016 Elsevier Ltd All rigSUPPLEMENTAL INFORMATION
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